Objective: The degeneration of articular cartilage is part of the clinical syndrome of osteoarthritis (OA) and one of the most common causes of pain and disability in middle-aged and older people 1 . However, the objective detection of an initial state of OA is still challenging. In order to categorize cartilage into states of OA, an algorithm is presented which offers objective categorization on the basis of two-photon laser-scanning microscopy (TPLSM) images. Methods: The algorithm is based on morphological characteristics of the images and results in a topographical visualization. This paper describes the algorithm and shows the result of a categorization of human cartilage samples. Results: The resulting map of the analysis of TPLSM images can be divided into areas which correspond to the grades of the Outerbridge-Categorization. The algorithm is able to differentiate the samples in coincidence with the macroscopic impression. Conclusion: The method is promising for early OA detection and categorization. In order to achieve a higher benefit for the physician the method must be transferred to an endoscopic setup for an application in surgery.
Introduction
Articular cartilage lesions generally do not heal or heal partially under certain biological conditions 2 . At present, no drugs or devices have been consistently shown to modify joint structure or reverse joint pathology 3 . Common histologic assessment methods poorly categorize early phases of disease, have wide interobserver variation and are very non-linear over the range from mild to advanced disease 4 . The current accepted standard for diagnosing knee osteoarthritis (OA) and monitoring progression is measurement of the joint space width from radiographs 5 . This indirect evaluation diagnoses the disease relatively late in its course 6 .
Laser-Scanning microscopy (LSM) and especially two-photon laser-scanning microscopy (TPLSM) is a common technique for tissue imaging 7e10 . In contrast to X-ray imaging, a microscopic imaging method is able to visualize even the first signs of surface fibrillation because of higher spatial resolution. Nevertheless, features like local edema and swelling which occur prior cartilage fibrillation 11 cannot be detected by microscopic imaging.
Macroscopic assessment grading systems are mainly based on the work of Collins 12 and Outerbridge 13 where classification is based on extensive qualitative descriptions of cartilage surface texture, lesion size and bony changes 4 . The Outerbridge classification is recommended for the arthroscopic evaluation of articular cartilage defects 14 . Another common grading system is based on microscopic evaluation of stained tissue 15 . The study provides a correlation with cartilage biochemical changes associated with OA progression. All these grading systems have in common, that the morphologic appearance seen on diagnostic imaging and/or arthroscopy are evaluated by the investigator. Nevertheless, a small interobserver variance of investigators with varying levels of histopathology experience is worthwhile. Therefore, there is a need for an objective classification tool, which supports the physician by evaluating the diagnostic images.
In order to overcome the lack of objective validation an automated analysis is presented. The analysis is based on fluorescence images which can be recorded via microscope as well as endoscopic. The presented method uses images taken by a TPLSM. The presented work does not represent a new grading system or imaging technique. Instead of that, it is an image analysis which uses images generated by a TPLSM. It can be combined with existing grading systems whereat in this work the Outerbridge grading system was chosen as an example. Furthermore, other imaging techniques are possible for image acquisition.
Due to the fact, that cartilage is a highly scattering tissue, the penetration depth of optical microscopy techniques is limited. Thus, TPLSM was used for image acquisition because it is first choice for deep tissue imaging 16 . TPLSM is a three-dimensional fluorescence microscopy technique and in case of cartilage tissue the fluorescence occurs intrinsically and is therefore called autofluorescence or fluorescence background. This fluorescence results from the presence of products of collagen glycation termed advanced glycation end products 17 . This fact avoids the usage of any staining. The penetration depth into tissue is limited to approximately 500 mm 18, 19 . Wavelet transform was used for calculation of image features in this analysis. As a result, each image is represented by an n-dimensional feature vector. The subset of feature vectors explores a space of texture features. A Self-Organizing Map (SOM) acts as a connector between the texture feature space and the image characteristics. It is a method that is able to visualize datasets of high dimensionality and furthermore it is able to perform clustering. The unsupervised learning method reduces the higher dimensional dataset to two dimensions and allocates the images on a map according to their similarity in the feature space.
The success of clustering or categorization depends strongly on the subset of selected features. Several features have been analyzed and used for classification of image textures 25, 26 . Nevertheless, no gold standard of texture features regarding its classification performance was found 27 . Thus, the feature selection has to be adapted to each classification problem with respect to the kind of image, the image morphology and the differences for classification.
In this paper, the samples and the image acquisition are described first. Afterward the feature calculation and selection is shown on basis of the following data visualization and clustering by using SOM. As the final result, a map of the whole dataset is shown, including the classification of the cartilage into states of OA. Fragmentation and fissuring in an area 0.5 inches or less in diameter 3
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Methods

Samples and image acquisition
The cartilage samples originate from a total joint replacement of the knee. The patients were male and female with an age between 50 and 80 years. The samples were harvested from the femur during a total knee replacement procedure. All patients were suffering from OA. Patients with rheumatoid arthritis were excluded from the study. This study includes 31 different cartilage samples. The cartilage samples were transferred to the microscope lab directly (within 6 h) after orthopedic surgery. The samples were kept in Ringer solution at room temperature during transport and examination. After removal from the transport container, the cartilage samples were cut with a scalpel, when necessary, placed in glass bottom petri dishes and immediately imaged. The samples were first categorized by macroscopic investigation into states of OA according to the Outerbridge-Categorization. The OuterbridgeCategorization consists of five grades. A more comprehensive description is given in ref. 28 . A summary of the characteristics of the five grades is given in Table I . This categorization was performed to test the subsequent analysis by TPLSM but has no influence on the analysis based on the TPLSM images.
Samples from every grade could be obtained because the whole knee was removed during surgery which enabled to get cartilage samples with macroscopically unchanged regions according to the Outerbridge classification. Each sample was categorized macroscopically according to the authors experience and labeled with the color corresponding to its grade (Fig. 2) . It has to be noticed that the classification algorithm is not based on this classification. It helps to understand the allocation of the images within the SOM. Grade 4 is left out because the cartilage is nearly completely degenerated in this state and thus just a very weak fluorescence signal can be detected. The cartilage samples were imaged via TPLSM as received. They were neither stained nor treated in any other way.
The TPLSM used a 1 W Ti:Sa femtosecond-laser (Tsunami, Spectra-Physics) at 800 nm for the excitation. A beammultiplexer within a TriM-Scope (LaVision Biotec GmbH) splitted up the beam into 64 single beams. The resulting 64 spots were scanned simultaneously across the sample. A beam-splitter differentiates the excitation light from the fluorescence light and a highly sensitive EMCCD-camera (Andor, Ixon) detects the signal (Fig. 1) . 30 images of every sample were generated, each image representing one z-layer of the tissue with a distance of 1 mm between each layer. Each image can be treated separately as an individual image. The complete dataset consists of 930 individual images.
Discrete wavelet transformation
The discrete wavelet transform was performed to extract features for classification. The basic idea of the wavelet transform is to represent any arbitrary function f as a superposition of wavelets. Wavelets are functions generated from a single prototype function For an grayscale image, the detail coefficient consists of three components, a horizontal, a vertical and a diagonal component because an image can be treated as a two-dimensional function. Therefore, a signal is decomposed into an approximation and three detail coefficients on each approximation scale.
The two-dimensional discrete wavelet transform was calculated on six scales where the features are calculated on the basis of the detail coefficients. The first calculated set of features is the energy of an image 
Thus, the resulting feature vector consists of the following components on six scales:
Orianðn; mÞ which results in ten features because the Orian (5e6) values were neglected. This set of features is expanded by the normalized mean pixel value of the original image as an additional feature. The normalization avoids an intensity measurement rather this feature measures how much cartilage material exists within the field of view.
The feature space for the analysis spans an 11-dimensional vector space.
Self-organizing maps
SOM are a kind of artificial neuronal network which organizes itself unsupervised and was introduced by Kohonen 31 . The SOM defines an elastic net of points that are fitted to the distribution of the training data in the input space 32 . Thus, a multidimensional dataset is visualized on a two-dimensional grid.
The SOM consists of a two-dimensional lattice of units of artificial neurons. First, a model vector m i is created which connects each neuron of the lattice with the n-dimensional input space. Afterward, the training phase begins. A winning neuron is evaluated for each input data point by calculating the distance of the input data point and the neurons of the lattice. Accordingly, the neurons are shifted toward the input data point corresponding a weighting function. The winning neuron suffers the longest distance. This procedure is repeated for every data point in every training step. Thus, the map attempts to represent all the available observations x with optimal accuracy by using the map units as a restricted set of models. During the training phase, the model becomes ordered on the grid so that similar models are close to and dissimilar models far from each other. The discrete wavelet analysis produces data and spans an 11-dimensional vector space which characterizes the input data. Nevertheless, these data have to be interpreted in a way, that similar images or feature vectors are detected as one group or cluster. Thus, the first goal of the algorithm is the correlation between the 11-dimensional input space X3R N and a set of neurons of a low-dimensional space M3R M (with M ¼ 1,2) 33 .
Second, the algorithm has to work unsupervised and the resulting map has to represent the input space topologically correct (Fig. 3) . The input space consists of 930 data points which corresponds to the number of images. Each image is analyzed by discrete wavelet transform and thus an 11-dimensional feature vector represents each image. After initializing the SOM and training the dataset is represented by the reference vectors (neurons) of the SOM. Each image can be allotted to a according neuron and displayed at the corresponding neuron within the map. Thus, a map can be generated where every neuron is represented by the original image. This kind of map provides a good overview of the topographical clustering. Furthermore, the SOM can be displayed by using a Hinton diagram. Every image which is located at a neuron is displayed as a quad. The more images fall on this neuron, the bigger the quad gets. By connecting an image to a color, the quad can be displayed with this color. This enables the tracking of images and investigation of a group of images.
Results
The discrete wavelet analysis was performed with the whole set of 930 images. These 930 images originate from 31 cartilage samples, each imaged in 30 different depth. The distance between the image layers in z-direction is 1 mm. A SOM with 64 neurons was trained in 300 training steps. The data are displayed in different ways to get an impression of the data structure and the clustering performance of the algorithm. Figure 4 shows the map as a Hinton diagram. The more data points are connected to a neuron, the bigger this neuron is displayed. In order to visualize the Outerbridge classification the data have to be labeled first. This makes it possible to identify the data within the resulting map. The used color code corresponds to Fig. 2 . The images of each category are now visualized within the hit statistic in the color belonging to the category. Thus, it is possible to locate the individual categories. The result is shown in Fig. 4 . The healthy cartilage (grade 0) is displayed in green and located mostly in the lower left corner. Grade 1 in yellow is located basically in the lower right corner, grade 2 in blue in the upper right corner and the most degenerated one, grade 3 in red is mainly in the upper left corner. This means, that the progress of the degeneration of the cartilage is documented It becomes apparent that the analysis clusters the images with smooth transition between the Outbridge grades. Thus, the images were integrated into the map to visualize the kind of differentiation of the images. Additionally, the winning grade or color was estimated for every neuron of the map. The grade with most images at one neuron wins a neuron and is colored, respectively. The result is shown in Fig. 5 .
It has to be mentioned that the hit statistic (Fig. 4) does not only color the winning neuron. In fact, the neurons are colored according a gauss function around the winning neuron. As a consequence, the categories are distributed on a larger area on the map. The reason to represent the data this way becomes clear by looking at the map in Fig. 5 . There is one empty frame which corresponds to a neuron which is not connected to an image. Consequently, this neuron cannot be labeled with a winning category. By choosing the hit statistic in Fig. 4 it becomes clear that the red category wins this neuron.
The structure with the anti-clockwise location of the different grades is maintained in Fig. 5 . There are only two neurons in which the winning grade does not belong to the expected grade (lower left corner). Nevertheless, a look at the images at this neurons points out that the images are located right regarding their morphology.
After the establishment of this classification system it has to be validated. Thus, the classification was proven by comparing the macroscopic determined grade of the cartilage and the automatically determined grade of the TPLSM images. Samples of each grade were chosen and categorized. Afterward, TPLSM images were generated at the same location at the cartilage sample and analyzed by using the algorithm. The total amount of images for validation was 41. The corresponding images are merged in Fig. 6 .
The main goal of the algorithm based on microscopic images was the detection of the early changes of the extracellular matrix when an OA begins. Thus, the sensitivity and the specificity were determined because these parameters only take healthy and arthritic cartilage into account. The sensitivity or true positive rate indicates the amount of actual OA when a state higher than grade 0 in the Outerbridge classification was detected. The specificity or true negative rate indicates the amount of unchanged cartilage when grade 0 in the Outerbridge classification was detected. The result of the validation was a sensitivity of 0.88 and a specificity of 0.93. These values have to be treated carefully because of the small amount of samples which contributed to this calculation.
Discussion
In this paper, an algorithm for the classification of cartilage into states of OA was presented. The algorithm works with TPLSM images and uses discrete wavelet transformation to determine image features. Afterward, SOM's were used for dimension reduction and visualization of the multidimensional dataset.
The result was a dataset which represented a wide spectrum of OA states and the Outerbridge classification of the samples were approved. Furthermore, the validation of the analysis resulted in good values for the sensitivity and specificity. These results are promising for further developments for early OA detection.
The fact that the samples have to be imaged ex-vivo with a twophoton microscope hampers the integration of the method into the daily routine of early OA detection. Nevertheless, there are proposals to get access to endoscopic two-photon microscope images 34, 35 . The presented analysis method is not restricted to TPLSM images. Due to the fact, that optical coherence tomography (OCT) provides a high penetration depth 36 it is used for arthroscopic diagnosis of early arthritis 37 . Nevertheless, the images of OCT systems typically show the xz-plane in comparison to the xy-plane of the TPLSM images, it seems to be possible to adapt the algorithm to this acquisition technique.
The presented method holds the potential to support the physician in early OA detection by providing an objective parameter. The parameter could be the automatic determined grade of the cartilage, a position within the map or simply a sign whether the cartilage is healthy or not. As mentioned before, even early states of OA can be detected. This result should be considered as assistance for the physician in addition to other examination methods and his individual experience. By taking an objective parameter into account, the interobserver variance can be minimized. By integrating a fiber-based fluorescence microscope into existing arthroscopic tools, no additional examination is necessary. Then, the physician gets two additional information of the cartilage. One the one hand the TPLSM image itself (surface and depth information) and on the other hand the objective parameter of the automated analysis. The time for the investigation extends insignificant. Furthermore, the results are available within seconds. The results of the presented study are very promising. Nevertheless, the method has to be proven with a greater amount of samples to fulfill two purposes. First, the database for the generation of the SOM and therefore the classification has to be extended. Hence, the classification becomes more precise and reliable. Second, the validation of the data becomes more detailed and precise. A prototype with endoscopic imaging would be very assistant to achieve those objectives.
Several endoscopic OCT systems are mentioned in literature e.g., 38 with applications in urology and gastroenterology. These examples show that the clinical usage of these systems are on the rise. Thus, a clinical application of the presented analysis method is also possible for the near future.
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